Rather than investigate the isolated effects of individual weather elements on crash occurrence, this study investigated the aggregated effect of weather states, defined as a combination of various weather elements (e.g., temperature, snow, rain, and wind speed), on crash occurrence. The main argument was that a combination of weather elements might better represent a particular weather condition and subsequent safety outcome. Therefore, to explore the effect of various weather states on crash severity and type, this study defined 12 weather states, based on temperature, snow, rain, and wind speed, and developed multivariate safety models by using 11 years of daily weather and crash data for Edmonton, Alberta, Canada. The proposed models were estimated in a full Bayesian context via a Markov chain Monte Carlo simulation, while a posterior predictive approach assessed the models' goodness of fit. Results suggested that property-damage-only (PDO) crashes increased by 4.5% to 45% because of adverse weather states and showed that PDO crashes were more affected by adverse weather states than were severe (injury and fatal) crashes. For crash type, adverse weather states were associated with an increase of 9% to 73.7% for all crash types, with the highest increase for run-off-the-road crashes. Duration of daylight was found to be significant and negatively related to all crash types and PDO crashes. Sudden weather changes of major snow or rain were statistically significant and positively related to all crash types. Days of the week and seasons of the year were used as dummy variables and were statistically significant in relation to crash occurrence.
Previous research shows that adverse weather conditions have a significant effect on crash occurrence and risk. In this context, modeling crashes with a specific focus on investigating weather effects has been the subject of considerable attention by researchers and practitioners over the past few decades. For instance, a number of studies assessed the effects of weather elements [e.g., snowfall (1-4), rainfall (5-8), wind speed (5, 7, 9) and temperature (10) (11) (12) on crash occurrence (6, 7, 11, 13) , whereas other researchers investigated these effects on crash severity (2, 10, 12, 14) . Among them, some found a positive correlation between precipitation and crash severity (9, 10, 14, 15) , while some found a negative correlation (2, 5, 12) . In relation to temperature, researchers found an inverse relationship between the mean temperature and both severe (injury and fatal) and property-damage-only (PDO) crashes (10, 12) . Furthermore, snow days had fewer fatal crashes than dry days but more nonfatal injury and PDO crashes; this increased risk was substantially higher during the first snow day (1). With regard to wind speed, an increase in wind speed was likely to decrease fatal, incapacitating, and nonincapacitating injury crashes (5, 9) . The discussion about the positive correlation recorded between snowfall and crash risk is ongoing (10) , as some studies found instances in which an inverse correlation existed (2, 16) .
To account for adverse weather factors, researchers have adopted two approaches: use of weather elements as either (a) continuous variables (6, 7, 9, 14, 17) or (b) categorical variables (5, 11, 12, 18, 19) . For instance, Eisenberg investigated the relationship between precipitation and traffic crashes by considering snowfall, precipitation, and average snow depth as continuous variables (14) . As for categorical variables, Brijs et al. categorized mean temperature into several nonoverlapping intervals and assumed that the effect may be nonlinear (11) . The results confirmed not only that the number of crashes increased as the temperature decreased but also the assumption of the nonlinear effect. Some researchers categorized weather into different weather states on the basis of a single weather element. For instance, Satterthwaite divided weather into different states (i.e., clear, cloudy, raining, snowing, fog) (20) . The proportion of crashes under a certain weather state was used to determine the category in which a particular day should fall. For example, if greater than 10% of all crashes that occurred on a particular day did so during a foggy period, then that day belonged to the foggy state. Furthermore, Khattak et al. categorized adverse weather into several states (rain, snow, sleet, and fog) on the basis of a single weather element (21) . However, a gap exists in the literature about the effects of weather states, that is, the combination of different weather elements and their relationship to crash severity and various crash types.
To this end, recognition that weather factors often interact is important, and a combination of several weather elements might better represent a particular weather condition and subsequent safety outcome than a single weather element. In such cases, the conventional method of using isolated weather factors as continuous or categorical covariates in crash modeling may not be adequate. For instance, wind speed alone may not be significantly related to crash severity or crash type, but the presence of even moderate wind speed during a snowfall might make the situation more or less dangerous than that of a condition when only falling snow is present. Further, from the point of view of model application, rather than using isolated weather factors, defining and using weather states are more informative and useful to transportation agencies. Thus, this study argues that "weather states," defined as a combination of several weather factors, should be used in crash modeling to improve understanding of the relationship between crash risk and weather.
Therefore, this study has three objectives: (a) to account for weather factors in crash models by using weather states rather than isolated weather variables, (b) to investigate the impact of weather state on crash severity, and (c) to investigate the impact of weather state on crash type. In addition, the annual time trend and the onset of a major snow event, rain event, or both are also considered in assessing the impact of sudden weather change on crash severity and type. The variation of crash severity and type on weekdays and weekends is also investigated. To accomplish the objectives, citywide daily crash severity and type data was combined with weather-related information from 11 years (2000 to 2010) for Edmonton, Alberta, Canada.
From a methodological standpoint, various approaches, such as sequential logistic regression (5, 9, 19) , negative binomial regression (1, 3, 14) , discrete choice approach (21) , and others, have been advocated by various researchers to assess weather effects on crash occurrence, counts, and severity. However, most of the models do not explicitly account for the likely correlations between crash counts, which may be caused either by omitting variables, which can influence crash occurrence data at all levels of classification, or by ignoring shared information in unobserved error terms. To account for these correlations between crash severities and types, multivariate Poisson lognormal (MVPLN) models under a full Bayesian framework are proposed (22, 23) . Some researchers used a multivariate Poisson approach for the analysis of multivariate crash count data (24) (25) (26) ; however, the MVPLN regression is preferred because (a) it accounts for overdispersion (extra Poisson variation), which is often observed in crash data, and (b) it allows for a full general correlation structure. Because classical estimation of the parameters of the MVPLN regression models is not straightforward, the Markov chain Monte Carlo (MCMC) simulation method is used for model calibration (27) . Because WinBUGS is a flexible platform for the Bayesian analysis of complex statistical models that use MCMC methods, this opensource statistical software is used for the development of the MVPLN models (28) .
Data Description
Citywide data on daily crash counts by crash severity and type were collected for 2000 through 2010 for the city of Edmonton. The number of observations is n = 4,018. The data set contains the total number of registered vehicles per year; the maximum, minimum, and mean daily temperature (in degrees Celsius); the total daily amount of snow (in centimeters); the total daily amount of rain (in millimeters); snow on the ground (in centimeters); the maximum wind gust speed during the day (in kilometers per hour); an indicator for day of the week; an indicator for the onset of a major snow and or rain event; daylight duration (in hours); and an indicator for seasonal variation (winter, spring, summer, or fall). Two crash severities were considered:
• Severe crashes, consisting of injury and fatal crashes, and • PDO crashes.
Seven crash types were considered: Daily crash data were obtained from the City of Edmonton's Motor Vehicle Collision Information System. Weather data were acquired from Environment Canada's National Climate Data and Information Archive. Both databases provide high-quality, reliable data for the purpose of analysis, as both are regularly updated and maintained by their providers. A statistical summary of the data is shown in Table 1 .
No traffic volume data were available for the current study. The current study uses citywide daily crashes as the dependent variable in the model. Granted, the use of annual average daily traffic (AADT) is ideal as exposure; however, those data were not available because obtaining it requires daily traffic counts at each road segment citywide, a requirement that is impractical. Therefore, as a proxy measure, yearly registered vehicle data were used. Furthermore, to take account of the variation of traffic volume, day of the week and season of the year, dummy variables were included in the model. The use of dummy variables in the absence of AADT data is not uncommon (11, 18) . With regard to road geometry variables, which are often used for modeling intersection or road segment-related crashes, their use in the current study was not possible, as the dependent variable was citywide daily crashes.
The current study considered weather states as covariates rather than isolated effects of individual weather elements. Table 2 shows the 12 weather states defined in this study; these were based on minimum daily temperature, snow, rain, and maximum wind gust speed. The minimum daily temperature was used rather than mean or maximum temperature to avoid any overlapping of weather states because a minimum daily temperature above 0°C is likely to have no snowfall. Other categorizations of temperature were made to obtain a sufficient number of samples in each category. For maximum wind gust speed, 20 km/h was used to define two states because the mean of the wind gust speed, as shown in Table 1 , was close to 20 km/h. Two models were developed, one representing the influence of weather states on crash severity and another representing the influence of weather states on crash type, as indicated in Table 2 by M 1 and M 2 , respectively.
MethoDology MVpln Models
Let Y i k denote the crash count during day i (i = 1, 2, . . . , n) that belongs to crash severity and crash type k (k = 1, 2, . . . , K). For the present data set, n = 4,018 days, K = 2 is crash severity (i.e., severe and PDO crashes) and K = 7 is crash type (i.e., FTC, FOTS, SSV, LTXP, ILC, SPV and ROR crashes). While MVPLN can handle K severity levels, the current application involves only two severity levels and leads to a bivariate PLN.
The MVPLN model is used to address overdispersion for un observed or unmeasured heterogeneity and to account for the correlation between crash counts at different crash severities and types. This model assumes
where θ i k is the Poisson parameter. The probability of y i k , where k is severe crashes or types that occur in day i, is given by
where µ i k is an exponential function of day-specific attributes, such as weather elements, weekdays, and the like.
where E i = proxy for exposure, X ji = matrix of covariates (relevant weather elements in Table 2) , 
The diagonal element σ kk of the covariance matrix represents the variance of ε i k , where the off-diagonal element σ hk represents the covariance of ε i h and ε i k . In Equation 5, State 12, weekends and spring are the reference; therefore, X 13i , X 16i , and X 19i are dropped from the model. Two models were developed, one with crash severity (M 1 ) and another with crash type (M 2 ). While M 1 was being developed, the number of yearly registered vehicles was used as a proxy for exposure, in addition to day-of-the-week and season-of-the-year dummy variables. However, for Model M 2 , the day of the week and season of the year were used as a proxy for exposure, as the day of the week and season of the year gave a greater number of significant results than the number of yearly registered vehicles as that proxy. The literature has shown that the day of the week and season of the year can reasonably be used as a proxy variable for exposure when traffic exposure data are missing (11, 18) . Consequently, ln(E i ) was dropped from the crash-type model.
prior and posterior Distributions
Obtaining the full Bayesian estimates requires a specification of prior distributions for the regression coefficients β k 0 , β 1 k , and β j k and the covariance matrix Σ. Prior distributions are meant to reflect prior knowledge about the parameters of interest. If such prior information is available, it should be used to formulate the so-called informative priors (29, 30) . [More detailed information about informative priors is available in Yu and Abdel-Aty (31)].
In the absence of sufficient prior knowledge of the distributions for individual parameters, uninformative (vague) proper prior distributions are usually specified. The most commonly used priors are diffused normal distributions (with 0 mean and large variance) for the regression parameters and a Wishart (P, r) prior for Σ −1
, where P and r ≥ K represents the prior guess at the order of magnitude of the precision matrix Σ −1 and the degrees of freedom, respectively. Choosing r = K as the degrees of freedom corresponds to vague prior knowledge (32, 33) . In the current study, the following priors were used, β j k ∼ N (0, 100
2 ) and Σ −1 ∼ Wishart (I, K), where I is the K × K identity matrix (22, 34) .
Full Bayesian estimation
The posterior distributions required in the full Bayesian approach can be obtained by using MCMC sampling techniques available in WinBUGS (28) . The Wishart distribution can be sampled by using a Gibbs sampler. Monitoring convergence is important because it ensures that the posterior distribution has been found and thus indicates when parameter sampling should begin. To check convergence, two or more parallel chains with diverse starting values are tracked to ensure full coverage of the sample space. Convergence of multiple chains is assessed by using the Brooks-Gelman-Rubin (BGR) statistic (35) . A value less than 1.2 for the BGR statistic indicates convergence. Convergence is also assessed by visual inspection of the MCMC trace plots for the model parameters, as well as by monitoring the ratios of the Monte Carlo errors relative to the respective standard deviations of the estimates; as a rule, these ratios should be less than 0.05.
Models' goodness of Fit
To assess the models' goodness of fit (adequacy), a posterior predictive approach (36-38) was used. The procedure involves generating replicates under the postulated models and comparing the distribution of a certain discrepancy measure, such as the chi-square statistics, to the value of chi-square obtained from observed data. A model does not fit the data if the observed value of chi-square is far from the predictive distribution; the discrepancy cannot be reasonably explained by chance if the p-value is close to 0 or 1 (36 Table 2 ). However, for Weather State 1, which might be referred to as the most extreme weather condition, characterized by very low temperature in conjunction with snowy and windy conditions, severe crashes increased by 10.5% compared with those of the normal weather condition. Weekdays and winter, summer, and fall were found to be positively related to severe crashes. In fact, severe crashes increased by 35% during weekdays, and 5.9%, 4.9%, and 13.1% during winter, summer, and fall, respectively. PDO crashes at the 0.05 level of significance showed a statistically significant growing annual trend of 3.7%. The effect of weather states on PDO crashes differs in two ways from that of severe crashes: (a) more weather states (five of 11) were statistically significant for PDO crashes, and (b) all the significant estimates were positive. These results suggest that PDO crashes are more affected by adverse weather conditions than severe crashes. PDO crashes always increased because of adverse weather conditions, within a range of 11.3% to 45.0%. As with severe crashes, weekdays were found to be positively related to PDO crashes. This increasing trend during weekdays for both severe and PDO crashes is consistent with findings in previous research (39, 40) . Among the seasons of the year, summer and fall were statistically significant and positively related to PDO crashes. The duration of daylight, which was not significant in severe crashes, was statistically significant and negatively related to PDO crashes.
The above results are in agreement with previous research showing that severe crashes decrease but PDO crashes increase during adverse weather conditions (2, 12) . This finding could be because drivers become more cautious, maintain longer headway, and reduce their speed in adverse weather conditions. As speed falls, so too does the severity of crashes because of the relationship between speed and crash severity.
Traffic volume could not be used as exposure because the current study modeled citywide daily crashes. Therefore, the annual number of registered passenger vehicles was used as an offset variable referring to the amount of traffic exposure. However, this measure could not account for day-to-day and seasonal fluctuations in traffic volume. Days of the week (i.e., weekdays and weekends) and seasons of the year (i.e., spring, summer, winter, and fall) dummy variables were used to capture the distinct variation of urban traffic.
The variance estimates of severe and PDO crashes were statistically significant at the 0.05 level, demonstrating the presence of overdispersion in both severe and PDO crashes. These results are in line with the literature (23, 41) , in which estimates of the extra Poisson variation parameters were considerably smaller under MVPLN models. Furthermore, the literature established that the MVPLN model was more precise than the univariate PLN models. The improvement in precision is mainly attributable to the correlation between the latent variables (severe and PDO). The estimate of this correlation (ρ) was .8, which is quite high and obviously significant. In essence, higher PDO crashes are associated with higher injury crashes, as the crash likelihood for both levels is likely to rise because of the same deficiencies in roadway design, same weather conditions, and other unobserved factors.
To assess the MVPLN model's goodness of fit, the Pearson's residuals in Equation 6 were examined, and no anomalies were detected. The posterior estimates of the observed chi-square statistics were 4,094 and 4,562 for severe and PDO crashes, respectively. The associated p-values estimated from the distributions of the chi-square discrepancy measured in the replicated data sets were .751 and .639, respectively, and represent the area under the predictive distribution to the right of the observed chi-square statistics. As noted earlier, a model does not fit the data if the observed value of chi-square is far from the predictive distribution; the discrepancy cannot be reasonably explained by chance if the p-values are close to 0 or 1. Because the associated p-values were .751 and .639, distanced from 0 or 1, the MVPLN model seems to perform well in accommodating the variation in crash frequency by severity across time and weather conditions. crash type Model M 2 Tables 4 and 5 summarize the crash-type model's (M 2 ) parameter estimates and their 95% credible intervals. The estimates of the annual time trends show a statistically significant declining trend for SSV crashes, a growing trend for FTC, ILC, SPV, and ROR, and insignificant trends for FOTS and LTXP crashes. All the crash types with declining or insignificant trends were intersection-related crashes. This result might be attributed to the continuous effort of the City of Edmonton to reduce intersection-related crashes by introducing a variety of measures, including installing intersection safety cameras, converting permissive left turns to protected left-turn phases and improving the angle of right-turn lanes at intersections. While these intersection-related crashes decreased over time, midblockrelated crashes showed an increasing trend, likely because of the trend to increased speeding in the City of Edmonton.
In relation to weather states, States 1 and 2 were statistically significant and positively related to almost all crash types; that is, very low temperatures with snowy conditions increased all types of crashes between 9% and 73.7%, with the highest increase for ROR crashes. Similarly, States 3 and 4 were significant in almost all cases with positive estimates, indicating that very low temperatures, even without snowy conditions, were also associated with increased crashes, though not at the same level as States 1 and 2. For Weather States 5 to 7, results were mixed, with few that were statistically significant and most being insignificant. While Weather State 8 showed that only LTXP crashes were statistically significant and negatively associated, States 9 to 11 were insignificant for all crash types, meaning that rain and wind speed had almost no impact on crash type for temperatures above 0°C. The onset of snow or rain was highly statistically significant and positively related to all crash types, with the highest effect on ROR crashes (46.8%). As with the crash severity model, weekdays were associated with an increasing trend for most of the crash types, except ROR crashes (−19.6%). The duration of daylight was significant and negatively associated with all crash types. Seasons of the year were statistically significant in most cases, with mostly positive association when spring was taken as a reference.
Again, as with the crash severity model, the variance estimates of all crash types were statistically significant at the .05 level; this significance demonstrates the presence of overdispersion in all types of crashes. Further, the estimates of the correlations between different crash types ranged from .298 to .787 and were obviously significant. In addition, for goodness of fit, p-values associated with each crash type, presented in Tables 4 and 5 , were away from 0 or 1; this result means that the MVPLN model seems to perform well in accommodating the variation in crash frequency by crash type across time and weather conditions.
application of Models
The crash severity model showed a statistically significant increase in severe crashes during extreme weather conditions (i.e., Weather State 1). Informing drivers about the potential danger of these inclement weather conditions through the use of advance traveler information systems or other messaging signs could be an effective way of reducing these crashes. The severity model also showed that severe crashes were declining at a faster rate (9.0%) than the growing trend (3.7%) of PDO crashes. This result reflects the overall improvement in the safety condition for the city of Edmonton over the past few years. However, although the crash severity model is useful in understanding weather factors affecting crash severity, the model provides little information for pinpointing the potential countermeasures to improve safety. Here, the crash-type model provides a much clearer and more detailed understanding of safety conditions and facilitates the selection of countermeasures, as a particular countermeasure is often tied to a certain type of crash. In addition, the crash-type model showed that particular types of crashes had a growth trend, while others had a declining trend. The city authority could use this information to focus on reducing crashes that have a growing trend and possibly learning, from previous experience, the reasons that certain types of crashes have declined. For informing drivers about potential safety risks under certain weather conditions, the crash-type model shows the types of crashes that are more likely to occur under each weather condition. This information could help drivers to be more cautious about their actions and maneuvers related to that particular crash type and thereby improve overall roadway safety.
conclusions anD Future research
This study advocates the use of weather states, which are a combination of various weather elements (e.g., temperature, snow, rain, and wind speed), as covariates in crash modeling rather than using isolated weather elements as covariates. The main argument is that weather factors often interact, and a combination of weather factors might better represent a particular weather condition and subsequent safety outcome. Further, from the point of view of model application, rather than considering isolated weather factors, recognizing weather states is more informative and useful to transportation agencies. To this end, this study defined 12 weather states on the basis of temperature, snow, rain, and wind speed and developed multivariate models in a full Bayesian context to explore the effect of these weather states on crash severity and type.
Results of the severity model showed that most weather states, except State 1, were associated with reduced severe crashes. For State 1, defined as the most extreme weather condition, characterized by very low temperatures in conjunction with snowy and windy conditions, severe crashes increased by 10.5% compared with the normal weather condition (i.e., State 12). Further, weekdays and winter, summer, and fall were found to be positively related to severe crashes. Moreover, a statistically significant declining annual trend of 9.0% was observed for severe crashes. In contrast to severe crashes, PDO crashes had more weather states that were significant and positively related to those crashes; this finding means that PDO crashes were more likely to increase because of adverse weather conditions. Although PDO crashes increased during weekdays and summer and fall seasons, findings similar to those for severe crashes, the annual time trend showed significant annual growth, which is opposite the trend of severe crashes. The duration of daylight, which was not significant in severe crashes, was statistically significant and negatively related to PDO crashes.
For the crash-type model, results showed that Weather States 1 to 4, defined by a combination of very low temperatures and snowy conditions, were statistically significant and positively related to most of the crash types. The ROR crashes increased by as much as 73.7% during Weather State 1. Weather states that include rain were mostly insignificant, meaning that rain had almost no impact on crash type. As with the crash severity model, weekdays were associated with an increased trend for all crash types, except for ROR crashes. This finding might be attributed to less travel occurring on weekends and the possibility of more drivers speeding and drinking and driving, which increases the probability of ROR crashes. The onset of a major snow or rain event was highly significant and positively related to all crash types, with the highest effect on ROR crashes (46.8%). The annual trend showed significantly declining trends for SSV crashes but a growing trend for FTC, ILC, SPV, and ROR. All crash types with declining or insignificant trends were intersection-related crashes. This trend might be attributed to the continuous effort of the City of Edmonton to reduce intersection-related crashes by taking a variety of measures, including installing intersection safety cameras, converting permissive left turns into protected left-turn phases, and improving the angle of right-turn lanes at intersections.
The variance estimates of each category for both the crash severity models and the crash-type models were statistically significant at the .05 level, demonstrating the presence of overdispersion in all crash types. Further, the estimates of the correlations were also high and statistically significant. These results justified the use of a multivariate model for both crash severity and type. In addition, for goodness of fit, MVPLN models seemed to perform well in accommodating the variation in crash frequency by crash severity and crash type across time and weather conditions.
Results from this study could help transportation agencies improve traveler information and warning systems by providing drivers with information on potential risks of particular weather states in relation to crash severity and type. Furthermore, annual time trends revealed (a) the City of Edmonton's performance in improving different crash severities and types and (b) the places for future focus of safety improvements. However, because the present results are based on a single aggregated data set, further research with different data sets may be required to confirm the study's findings. Exploring alternative forms to define different weather states on the basis of other data sets is also prudent. 
